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uncertainty.	 The	 results	 show	 that	 the	 optimal	 design	 considering	 uncertainty	 and	 seasonal	
changes	will	be	able	to	comply	with	the	CO2	capture	policies.	Thus,	post-combustion	CO2	capture	
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a	 level	 that	 would	 prevent	 dangerous	 anthropogenic	 interference	 with	 the	 climate	 system	
(Quadrelli	and	Peterson,	2007).	The	energy	sector	is	largely	dominated	by	the	direct	combustion	









the	 power	 plant’s	 flue	 gas	 produced	 from	 the	 combustion	 of	 fossil	 fuels.	 In	 pre-combustion	
capture,	carbon	is	removed	from	the	fuel	before	combustion,	whereas	in	oxy-combustion,	the	fuel	
is	 burned	 in	 an	 environment	 of	 nearly	 pure	 O2	 (>95%)	mixed	with	 traces	 of	 nitrogen.	 Post-
combustion	capture	offers	some	advantages	as	existing	combustion	technologies	can	still	be	used	






streams	with	a	 low	CO2	partial	pressure;	 this	 is	because	amines	react	with	CO2	to	 form	water	
soluble	compounds.		


















Make up H2O Make up MEA 








post-combustion	 CO2	 research.	 Studies	 proposing	 mechanistic	 post-combustion	 CO2	 capture	
models	have	been	previously	reported	in	the	literature	(Harun	et	al.,	2011;	Kvamsdal	et	al.,	2009;	
Mac	 Dowell	 and	 Shah,	 2013;	 Nittaya	 et	 al.,	 2014;	 Prölß	 et	 al.,	 2011).	 Moreover,	 model	
development	has	advanced	the	study	of	optimal	design	and	operations	management	policies	for	
post-combustion	systems.	In	most	of	those	works,		single-objective	design	optimization	has	been	
considered	 (Chu	 et	 al.,	 2016;	 Gaspar	 and	 Loldrup,	 2016;	 Mores	 et	 al.,	 2012,	 2018;	
Thouchprasitchai	et	al.,	2018).	Furthermore,	efforts	to	establish	a	more	flexible	though	efficient	
CO2	 capture	 process	 have	 been	 addressed	 through	 the	 formulation	 of	 multi-objective	























considers	 a	 mechanistic	 model	 describing	 the	 dynamic	 behaviour	 of	 a	 post-combustion	 CO2	
absorber	 column,	uncertainty	 in	both	 the	process	 inputs	and	model	parameters,	 and	a	multi-
objective	analysis.	The	robust	multi-objective	problem	will	be	evaluated	within	a	seasonal	multi-
period	 scenario	 performance	 of	 the	 CO2	 absorber	 in	 order	 to	 determine	 the	 optimal	 design	
conditions	 that	will	 compensate	 for	 these	 changes.	 The	 expected	 contributions	 of	 addressing	
process	 uncertainty,	 multi-objective	 optimization	 and	 multi-period	 scenario	 to	 the	 design	




the	 previous	works	 addressing	 post-combustion	 CO2	 capture	 process	 optimization,	 i.e.	 single	







model	 is	presented.	Robust	design	optimization	where	uncertainty	 is	considered	 in	key	 input	




CO2	 capture	 absorber	 column.	 The	 CO2	 capture	 absorber	 model	 described	 in	 section	 3	 is	
embedded	within	a	multi-period	scenario	under	uncertainty	formulation	where	a	robust	multi-
objective	optimization	formulation	is	considered.	The	aim	of	this	study	is	to	obtain	the	optimal	
design	 and	 operating	 conditions	 in	 order	 for	 the	 absorber	 column	 to	 recover	 the	 most	 CO2	
possible	 at	 low	 cost.	 This	 optimal	 design	 is	 evaluated	with	 a	 specific	 technique	 to	 obtain	 the	
optimal	solution	between	the	two	compromising	objectives.		










optimization	of	 this	process	has	been	 recurrently	 studied,	 since	 it	 is	 crucial	 to	determine	 the	
optimal	 design	 specifications	 and	 operating	 conditions	 that	 would	 make	 this	 technology	
economically	 viable	 and	 attractive.	 In	 this	 chapter,	 a	 review	 on	 the	 recent	 studies	 in	 design	








In	 recent	 years,	 researchers	 have	 proposed	 dynamic	models	 for	MEA	 CO2	 capture	 processes,	
which	makes	dynamic	models	 the	 latest	emerging	approach	 in	 this	area.	 	Lawal	et	al.,	 (2009)	
presented	a	dynamic	modelling	study	of	the	post	combustion	CO2	capture	absorber	process.	Two	
different	approaches	commonly	studied	for	this	process	were	compared	to	gain	insight	on	the	











using	 steady-state	 pilot-plant	 data.	 To	 represent	 the	 actual	 operation	 of	 a	 power	 plant,	 the	




all	of	 the	 inter-species	 interactions	 in	 the	 fluid,	 including	reactions,	 the	SAFT-VR	equation-of-





Optimization	 of	 chemical	 and	 related	 processes	 requires	 a	 mathematical	 model	 that	 clearly	
describes	and	predict	process	behavior.	In	recent	years,	numerous	studies	have	been	published	






















processes	 were	 evaluated,	 i.e.	 piperazine,	 mixed-salt	 and	 MEA.	 The	 results	 from	 that	 study	
indicate	 that,	 under	 equal	 capital	 cost	 scaling	 parameters,	 the	 piperazine	 and	 mixed-salt	
processes	outperform	 the	MEA	process,	 and	 that	 the	mixed-salt	process	 in	particular	 is	quite	
promising.	Mac	Dowell	and	Shah,	(2013)	presented	an	optimization	study	aimed	at	identifying	
the	cost-optimal	degree	of	CO2	capture	using	post-combustion	amine-scrubbing	integrated	with	
a	 660	MWe	 sub-critical	 coal	 fired	 power	 station.	 A	 non-equilibrium	model	 of	 an	 absorption	







combined	 cycle	 (NGCC)	 plant	 and	 a	 post-combustion	 CO2	 capture	 process	 by	minimizing	 the	
mitigation	cost	defined	as	the	ratio	between	the	cost	of	electric	power	generation	and	the	amount	







post	 combustion	 CO2	 capture	 process	 using	 an	 aqueous	 solution	 of	 30	 wt.%	 MEA	 as	 a	
representative	pilot-scale	capture	plant.	Those	authors	also	performed	a	parametric	sensitivity	
study.	 Several	 parameters	were	 identified	 and	 varied	 over	 a	 given	 range	 of	 lean	 solvent	 CO2	
loading	to	evaluate	their	effects	on	the	pilot	plant	energy	requirement.	The	optimum	lean	solvent	
CO2	 loading	was	determined	using	the	total	equivalent	work	concept.	Results	show	that,	 for	a	
given	packing	material	 type,	 the	majority	of	energy	savings	can	be	realized	by	optimizing	 the	
stripper	operating	pressure.	To	some	extent,	a	higher	solvent	temperature	at	the	stripper	inlet	
has	the	potential	to	reduce	the	regeneration	energy	requirement.	That	study	also	showed	that	a	







CO2	 capture	 plant.	 The	 objective	was	 to	maximize	 the	 decarbonized	 power	 plant’s	 short	 run	
marginal	cost	profitability	under	four	distinct	scenarios:	load	following,	solvent	storage,	exhaust	
gas	by-pass	and	 time-varying	 solvent	 regeneration.	The	 study	 showed	 that,	while	 the	 solvent	











work,	 power	 series	 expansion	 (PSE)	 approximations	were	 embedded	within	 an	 optimization	












problems	 in	 	 science	 and	 engineering	 (Sahinidis,	 2004).	 In	 addition,	 events	 that	 cannot	 be	
explicitly	 predicted	 can	 be	 taken	 into	 account	 while	 performing	 optimization	 for	 various	
engineering	 applications.	 Stochastic	 programming	 is	 a	 popular	 method	 that	 considers	
uncertainty	 in	 the	process	by	evaluating	multiple	 realizations	of	 the	uncertain	parameters	by	





weight	 (Gomes	 et	 al.,	 2014).	 The	 constraints	 in	 the	 stochastic	 optimization	 problem	 are	
formulated	 such	 that	 they	 comply	with	 the	process	 specifications	 at	 a	 given	probability	 limit	
(Bahakim	and	Ricardez-Sandoval,	2014;	Rafiei	and	Ricardez-Sandoval,	2018;	Ricardez-Sandoval,	
2012).	Another	conventional	stochastic	optimization	method	widely	used	in	engineering	is	two-




be	 made	 by	 selecting,	 at	 a	 certain	 cost,	 the	 values	 of	 the	 second-stage	 variables.	 Due	 to	











have	 been	 presented	 in	 literature,	 e.g.	 the	 Gaussian	 quadrature	 formula	 and	 Monte	 Carlo	
simulation	(Acevedo	and	Pistikopoulos,	1998).	Similarly,	Ostrovsky	et	al.,	(2011)	developed	an	
approximate	method	 for	 solving	 the	 two-stage	 optimization	 problems	where	 the	 constraints	
must	be	satisfied	with	some	probability,	i.e.	chance	constraints	optimization	(Arellano-Garcia	and	
Wozny,	2009;	Li	et	al.,	2008).	
While	 stochastic	 programming	 aims	 to	 identify	 solutions	 that	 will	 comply	 with	 the	 process	
constraints	at	a	certain	(user-defined)	probability	limit,	there	are	some	engineering	applications	
that	 are	 required	 to	 be	 immune	 against	model	 uncertainty,	 i.e.,	 they	 are	 required	 to	 remain	
feasible	 for	all	 the	possible	uncertain	realizations	at	minimum	cost.	Another	approach	 for	 the	
scenario-based	optimization	is	robust	optimization.	In	this	approach,	the	process	constraints	are	
expected	 to	 be	 fully	 satisfied	 for	 every	 realization	 (i.e.	 scenario)	 considered	 in	 the	 uncertain	




the	 feasibility	 of	 an	 optimization	 problem	 for	 the	 entire	 given	 uncertainty	 space	 (Li	 and	
Ierapetritou,	2008;	Lin	et	al.,	2004).	However,	larger	and	more	expensive	designs	and	operating	








literature	 (Bahakim	et	al.,	2014).	 In	 that	method,	 the	objective	 function	aims	 to	minimize	 the	














processes	 as	 well	 as	 to	 sustainable	 processes.	 However,	 many	 applications	 involving	
optimization	 can	 consider	multiple	objectives,	 some	of	which	are	 conflicting	with	each	other.	
Multi-objective	optimization	 is	 required	 to	 solve	 the	 resulting	problems	 in	 these	 applications	







The	 relevance	 of	 multi-objective	 optimization	 in	 chemical	 engineering,	 particularly	 in	 CO2	
capture	systems,	is	continuously	growing.	This	has	been	partially	motivated	by	the	availability	of	
new	 and	 effective	 methods	 for	 solving	 multi-objective	 problems	 as	 well	 as	 increased	
computational	resources.		
Bernier	et	al.,	 (2010)	presented	a	multi-objective	optimization	by	 iterative	simulation	 in	an	
integration	of	a	CO2	capture	process	using	monoethanolamine	(MEA)	in	a	natural	gas-combined	















	Harkin	 et	 al.,	 (2012)	 presented	 a	 model	 of	 an	 existing	 power	 station	 with	 a	 potassium	
carbonate-based	carbon	capture	plant	including	CO2	compression.	The	aim	of	that	study	was	to	
optimise	the	net	power	output	of	the	power	station	and	amount	of	CO2	captured	for	a	range	of	
solvent	 flowrates,	 lean	 loading	 and	 stripper	 pressures.	 After	 a	 Pareto	 analysis	 of	 the	 multi-
objective	 optimization	 of	 the	 process	 it	was	 identified	 that	 lean	 solvent	 loading	 and	 stripper	
pressure	will	have	a	large	impact	on	the	net	power	output	and	amount	of	CO2	captured.		







Li	Yuen	Fong	et	al.,	 (2016),	performed	a	multi-objective	optimization	 technique,	 i.e.,	pareto	
analysis,	in	combination	with	heat	integration	to	optimise	the	total	shaft	work	and	the	overall	
CO2	 recovery	 rate	 in	 a	 hybrid	 capture	 system	 that	 combined	 both	 the	 capture	 and	 the	
compression	units.	The	multi-objective	optimisation	provided	a	range	of	optimal	solutions	where	
the	total	shaft	work	increased	with	the	total	CO2	being	recovered	by	the	hybrid	process.	However,	



















































solution,	 two	 solution	 strategies	 can	 be	 considered.	 In	 the	 first	method,	 a	 set	 of	 noninferior	






 p = 1  Trade-off curve 
1NM Point 
 Utopia Point 
f1 
f 2  
UB (f2) 
LB (f2) 



































dL		≤	d	≤	dU	 	 	 	 	 ( 3 )	
	p=∞:	 	 min
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Efforts	 to	 consider	 uncertainty	 in	 design	 optimization	 studies	 have	 formally	 considered	 the	




Current	 studies	 in	 post-combustion	 CO2	 capture	 focus	 in	 the	 optimization	 of	 this	 process;	
however,	 there	 is	 a	 lack	 of	 research	 on	 the	 impact	 that	 process	 disturbances	 and	 process	
uncertainty	 may	 have	 on	 the	 optimal	 process	 design	 of	 post-combustion	 CO2	 capture	 units.	
Likewise,	as	in	any	other	process,	the	presence	of	different	conflicting	optimal	targets	is	also	an	
important	 factor	 to	 consider.	 Hence,	 multi-objective	 optimization	 formulations	 have	 been	
studied	previously	for	the	post-combustion	CO2	capture	process.	Despite	these	efforts,	no	specific	
optimal	solutions	are	given	to	obtain	a	single	trade-off	solution	under	the	conflicting	objectives.		















A	conventional	 approach	 to	address	process	uncertainty	 consist	of	 accounting	 for	overdesign	
factors;	 however,	 this	 method	 has	 shown	 to	 be	 sub-optimal	 (Koller	 et	 al.,	 2018;	 Rafiei	 and	
Ricardez-Sandoval,	2018).	Recent	studies	have	accounted	for	design,	control	and	optimization	





in	 post-combustion	 CO2	 capture.	 A	 mechanistic	 model	 describing	 the	 behaviour	 of	 a	 post-
combustion	 CO2	 absorber	 column	 is	 explicitly	 considered	 in	 the	 present	 robust	 design	
optimization	 formulation.	 Moreover,	 this	 work	 accounts	 for	 uncertainty	 that	 will	 impact	 the	
absorber	column	due	to	seasonal	or	unexpected	changes	in	the	operating	policies	of	a	fossil-fired	
power	 plant,	 e.g.	 changes	 in	 the	 flue	 gas	 stream,	 as	 well	 as	 uncertainty	 associated	 with	 the	





















Figure 3 Process flow diagram of an MEA absorption process	
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Flue gas temperature (Tg0) = 319 K 




















𝑎"/$ 	 (m2/m3)	 is	 the	 specific	 gas-liquid	 interfacial	 area.	 To	 account	 for	 the	 interfacial	 mass	
transport	in	the	column,	the	molar	flux,	Ni	(mol/m2/s),	defined	as	the	net	loss	of	component	i	in	
the	gas	phase	and	the	gain	of	the	same	component	in	the	liquid	phase,	is	included	in	the	model.	





















































ℎ"/$𝑇$ − 𝑇" − ∆𝐻𝑁./0 − ∆𝐻HJ4𝑁X0/ − ℎ'z&(𝑇$ − 𝑇JKL) 	= 0	 (	11	)	
	




















	 	 	 	 	 	 	 	 	 (	13	)	
	
where	𝐾",( 	is	the	overall	mass	transfer	coefficient	in	the	gas	phase	whereas	𝑘",( 	and	𝑘$,( 	are	the	
binary	mass	transfer	coefficients	in	the	gas	and	the	liquid	phases,	respectively;	𝑝( 	represents	the	
partial	pressure	of	 	each	component	and	is	a	 function	of	the	total	pressure	 in	the	column	(P);	
similarly,	𝑝(∗	represents	the	equilibrium	pressure	in	the	gas-liquid	phase;	Eabs	is	the	enhancement	
factor	 and	𝐻𝑒( 	 is	 the	 Henry’s	 constant	 of	 each	 species.	 The	 use	 of	 an	 overall	 mass	 transfer	





The	 chemical	 reactions	 that	 occurs	 in	 the	MEA	 absorption	 process	 increases	 the	 rate	 of	 CO2	
absorption	in	the	liquid	phase.	The	present	model	considers	chemical	equilibrium	in	the	bulk	of	























 	OH-	+	H3O+	 	 	 	 (	14	)	
The	overall	effect	of	these	reactions	is	considered	in	the	liquid	phase	mass	transfer	through	an	























The	 equilibrium	 model	 considered	 in	 this	 study	 is	 based	 on	 the	 coupling	 between	 phase	
equilibrium	 and	 chemical	 equilibrium.	 Phase	 equilibrium,	 which	 exists	 at	 the	 gas-liquid	
interphase,	dominates	the	distribution	of	the	molecular	species	between	the	vapour	and	liquid	
phases	 whereas	 chemical	 equilibrium	 describes	 the	 distribution	 of	 the	 molecular	 and	 ionic	
species	 in	 the	 liquid	 phase.	 For	 the	H2O	 and	MEA,	 the	 equilibrium	pressure	 in	 the	 gas-liquid	
interface	is	calculated	as	follows:	
	
































f	(d,	kj,	𝐱̇ ,	xj,	u,	dj)	=	0	 	 ∀j = 1, 2, … J	
h	(d,	kj,	𝐱̇,	xj,	u,	dj)	£	0		 	 ∀j = 1, 2, … J	 	 	 	
dl	£	d	£	du	




absorption	 column	 model	 presented	 in	 the	 previous	 section,	 whereas	 h	 represents	 the	




uncertain	 parameters.	𝑤O	represents	 a	 weight	 assigned	 for	 each	 realization	 in	 the	 uncertain	
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As	 shown	 in	problem	 (18),	 a	multi-scenario	 approach	has	been	 implemented	 in	 this	work	 to	













	 	 	 	 (	19	)	
	
where	 CMEA	denotes	 the	MEA	 degradation	 cost	 due	 to	 the	MEA	 loses	 in	 the	 post	 combustion	
process	(5.38E-5	$/mol_MEA)	(Huertas	et	al.,	2015;	Singh	et	al.,	2003).	A	and	B	represent	the	
Guthrie’s	 correlation	 parameters,	 i.e.	 290.82	 and	 280,	 respectively.	 The	 present	 economic	
function	is	annualized	using	a	20%	rate	of	return	(ROR	=	0.2).	CEPCI	represents	the	Chemical	
Engineering	Plant	Cost	Index	(723.5	for	May	of	2018)	(Engineering	and	Cost,	2018).		
Φ"" = A ∗ ROR	 )
CEPCI
B / D123


















jj	(d,	kj,	xj,	u,	dj)	³		CO2*	 	 ∀j = 1, 2, … J	 	 	 	 	 (	21	)	
	





Pyomo	environment,	 an	optimization	 library	 in	PYTHON.	The	 resulting	 set	of	differential	 and	
algebraic	equations	describing	 the	absorber	 column	model	presented	 in	 section	3.1	was	 fully	
discretized	 using	 the	 backward	 finite-difference	 method.	 The	 interior-point	 optimization	









perform	the	model	validation	are	presented	 in	Tables	1,	2	and	3.	Note	 that	 the	only	constant	
physical	properties	used	in	the	present	model	are	those	presented	in	Table	3.	As	discussed	in	
section	3.1,	 the	rest	of	 the	 thermodynamic	properties	and	kinetic	parameters	were	estimated	




























































Temperature	(K)	 314.78														 314.15	 328.04	 327.76	
Total	 molar	 flow	 rate	
(mol/s)		
3.53	 3.47	 31.68	 30.51	
Mole	fraction	 	 	 	 	
CO2	 0.0108	 0.0085	 0.0502	 0.0503	
H2O	 0.0761	 0.0651	 0.8452	 0.8475	
MEA	 0	 0	 0.1044	 0.1021	
N2	 0.9066	 0.9264	 0	 0	
	
3.3.2 Scenario	A:	Optimal	process	design		































column	 model	 under	 uncertainty.	 For	 this	 scenario,	 two	 key	 input	 parameters	
(i. e. , FgCO2 	and	FgN2)	were	considered	to	be	uncertain	in	order	to	approximate	the	best	and	worst	
scenario	of	flue	gas	concentration.	These	parameters	are	expected	to	change	during	operation	
due	 to	 sudden	 or	 scheduled	 changes	 in	 fossil-fired	 power	 plants.	 The	 robust	 optimization	
formulation	presented	in	(18)	was	used	to	perform	this	study.	For	the	present	scenario,	the	CO2	




uncertain	 parameters	 were	 assumed	 to	 be	 uniformly	 distributed	within	 their	 corresponding	
uncertain	 space	 domain;	 hence,	𝑤O =
7

.	 One	 limitation	 of	 the	 proposed	 robust	 optimization	




improve	the	robustness	of	 the	design	at	 the	expense	of	significantly	 large	or	even	prohibitive	
computational	 costs.	 In	 order	 to	 determine	 the	 minimum	 number	 of	 realizations	 needed	 to	
determine	an	optimal	design	and	operating	condition	that	remains	operable	(feasible)	 for	 the	
uncertain	realizations	in	FgCO2	and	FgN2,	the	present	scenario	estimated	the	optimal	design	and	
operation	of	 the	absorption	column	under	a	different	number	of	 realizations	 in	 the	uncertain	
parameters.	 That	 is,	 for	 each	 optimization	 run,	 the	 total	 number	 of	 realizations	 (J)	 was	
determined	 based	 on	 all	 the	 possible	 combinations	 between	 the	 individual	 realizations	
considered	for	each	uncertain	parameter.		
Table	6	Optimal	Steady-State	Plant	Design	under	uncertainty	(Scenario	B).	
J=	 100	 81	 64	 49	 36	 25	 16	 9	 4	
Height	(m)	 6.023	 6.023	 6.010	 6.001	 5.998	 5.998	 5.998	 5.987	 5.986	
Diameter	(m)	 0.410	 0.410	 0.410	 0.410	 0.410	 0.410	 0.410	 0.410	 0.409	
FlMEA	(mol/s)	 3.21	 3.21	 3.209	 3.209	 3.209	 3.209	 3.2089	 3.2089	 3.208	
CAP($/year)	 253	 253	 253	 252	 252	 252	 252	 252	 252	
OP	($/year)	 5,447	 5,447	 5,446	 5,446	 5,446	 5,447	 5,446	 5,446	 5,444	
Total	($/year)	 5,700	 5,700	 5,698	 5,698	 5,698	 5,698	 5,698	 5.697	 5,696	
CPU	time	(s)	 154.53	 93.08	 62.36	 42.80	 26.07	 16.37	 11.46	 5.71	 3.41	
Optimization	variables	 354,205	 286,904	 226,693	 173,563	 127,517	 88,555	 56,677	 31,883	 14,173	
Number	of	equations	and	
constraints	





























This	 result	 clearly	 demonstrates	 the	 impact	 of	 process	 uncertainty	 on	 the	 operability	 of	 the	




The	aim	of	 this	 scenario	 is	 to	assess	 the	 impact	different	CO2	 capture	 rate	 levels	have	on	 the	





























CO2*	 89%	 	90%	 92%	 93%	 94%	 95%	
Height	(m)	 6.000	 6.023	 6.120	 6.250	 6.280	 6.350	
Diameter	(m)	 0.401	 0.410	 0.430	 0.434	 0.446	 0.460	
FlMEA	(mol/s)	 3.205	 3.210	 3.210	 3.240	 3.310	 3.330	
CAP($/year)	 	246		 	253		 	270		 	277		 	287		 	299		
OP	($/year)	 	5,439		 	5,447		 	5,447		 	5,498		 	5,617		 	5,651		
Total	($/year)	 	5,685		 	5,700		 	5,717		 	5,775		 	5,904		 	5,950		





the	CO2	target	must	 be	 carefully	 chosen	when	 specifying	 the	 optimal	 design	 for	 the	 absorber	
column.	 The	 results	 obtained	 from	 the	 present	 scenario	 were	 compared	 against	 the	 results	
obtained	 for	Scenario	A	 (no	uncertainty	considered)	using	 the	same	CO2	capture	 target	 levels	
(CO2*)	shown	in	Table	7.	Figure	5	shows	the	total	costs	obtained	from	each	scenario.	In	order	to	
compensate	 uncertainty,	 larger	 dimensions	 of	 the	 absorber	 are	 observed	 for	 the	 robust	
optimization	scenario.	Conversely,	a	smaller	design	is	specified	for	the	case	when	no	uncertainty	
is	considered	in	the	analysis	(Scenario	A).	Furthermore,	for	a	relatively	low	CO2	capture	rate	level	






































CO2 capture rate levels CO2*
Robust optimization (Scenario C)





their	 corresponding	 uncertain	 space	 domain;	 hence,	𝑤O =
7

	.	 As	 in	Scenario	B,	 a	 study	 on	 the	




J	 162	 135	 108	 81	 54	 36	 24	
Height	(m)	 6.028	 6.028	 6.028	 6.028	 6.018	 6.008	 5.987	
Diameter	(m)	 0.411	 0.411	 0.411	 0.410	 0.410	 0.409	 0.409	
FlMEA	(mol/s)	 3.260	 3.260	 3.257	 3.257	 3.257	 3.257	 3.257	
CAP($/year)		 	254		 	254		 	254		 	253		 	253		 	252		 	251		
OP	($/year)		 	5,532		 	5,532		 	5,527		 	5,527		 	5,527		 	5,527		 	5,527		
Total	($/year)	 5,786	 5,786	 5,781	 5,780	 5,780	 5,779	 5,778	
CPU	time	(s)	 235.12	 142.36	 100.91	 71.02	 54.36	 23.65	 18.44	
	
As	shown	in	Table	8,	a	larger	number	of	realizations	were	needed	to	obtain	an	optimal	design	




uncertain	 parameters	 considered	 in	 the	 present	 scenario.	 Similarly,	 larger	 computational	
demands	are	required	for	the	present	scenario	since	a	significantly	larger	set	of	equations	and	













rate	 level	 (90%)	80%	of	 the	 time.	Although	 the	difference	 in	sizes	obtained	 from	the	present	
scenario	and	that	obtained	 in	Scenario	A	 is	not	significant	(i.e.	approximately	2%),	 this	result	


















No. of simulation trials
Scenario A Scenario D








solubility	 in	 the	present	 adsorption	 column	model	were	 considered	as	uncertain	parameters.	
These	are	the	activity	coefficient	of	CO2,	H2O	and	MEA,	i.e.	γ±0§,	γ;§0 	and	gMEA.	Note	that	the	later	
was	 already	 considered	 as	 uncertain	 parameter	 in	 the	 previous	 scenario.	 Thus,	 a	 total	 of	 6	
uncertain	 parameters	 were	 involved	 in	 the	 present	 scenario.	 Moreover,	 two	 additional	
operational	 constraints	 were	 considered.	 The	 liquid-to-gas	 ratio	 L/G	 is	 considered	 to	 be	 an	
important	operational	parameter	since	it	is	related	to	process	absorption	capacity(Kvamsdal	et	
al.,	2009)(Kvamsdal	et	al.,	2009)(Kvamsdal	et	al.,	2009)(Kvamsdal	et	al.,	2009)(Kvamsdal	et	al.,	
2009)(Kvamsdal	 et	 al.,	 2009)(Kvamsdal	 et	 al.,	 2009)(Kvamsdal	 et	 al.,	 2009)(Kvamsdal	 et	 al.,	
2009)(Kvamsdal	 et	 al.,	 2009).	 High	 L/G	 ratios	 are	 often	 required	 for	 this	 process	 to	 achieve	












































considered	 in	Scenario	D	 (J=162).	Accordingly,	 the	 resulting	optimization	problem	 involved	a	
total	of	1,032,192	equations	and	1,032,195	variables,	which	are	45%	more	than	that	specified	for	
Scenario	D.	Hence,	the	computational	time	required	to	obtain	a	solution	for	the	present	scenario	
increased	 2	 orders	 of	 magnitude	 when	 compared	 to	 that	 required	 by	 the	 optimization	
formulation	specified	for	Scenario	D.	These	results	show	that	more	real	process	designs	involving	
multiple	 uncertain	 parameters	 and	 process	 operational	 constraints	 can	 be	 obtained	with	 the	
proposed	optimization	formulation	at	the	expense	of	higher	computational	costs.		
	













































under	uncertainty	 in	 the	CO2	 flue	gas	composition	and	 in	physical	and	thermodynamic	model	
parameters.	In	addition,	a	multi-scenario	formulation	is	considered	to	account	for	the	monthly	
changes	in	electricity	demands	in	the	province	of	Alberta,	Canada	in	2017	(AESO,	2017).		






Optimization	 under	 a	 single	 scenario	where	 process	 inputs	 are	 assumed	 to	 remain	 constant	
during	 the	 entire	 period	 of	 operation	 may	 return	 inoperable	 or	 low	 economically	 attractive	






































































































input	 and	model	parameter	uncertainty	 to	 consider	 a	more	 realistic	 condition	of	 a	 real	 post-
combustion	 CO2	 capture	 process	 during	 operation.	 Furthermore,	 this	 study	will	 seek	 for	 the	
optimal	 process	 design	 and	 operations	management	 conditions	 of	 the	 CO2	 capture	 absorber	
process	under	two	conflicting	objectives.	That	is,	the	present	multi-scenario	analysis	described	
above	 will	 be	 evaluated	 under	 a	 multi-objective	 optimization	 framework	 that	 will	 explicitly	
consider	uncertainty	 in	 the	CO2	 absorber	unit.	 This	 optimization	 framework	will	most	 surely	
guarantee	that	the	proposed	solutions	will	accommodate	the	possible	scenarios	that	a	real-life	




This	 section	 presents	 the	 conceptual	 formulation	 of	 the	 multi-objective	 multi-scenario	
optimization	under	uncertainty.	The	two	objective	functions	that	were	considered	for	the	present	
formulation	 are:	minimization	 of	 the	 capital	 and	operating	 costs	 of	 the	 absorber	 column	and	
maximization	of	the	CO2	capture	of	the	absorber	tower.	Since	the	single	absorber	unit	has	been	
considered	 under	 this	 study,	 these	 two	 objectives	 are	 the	most	 appropriate	 functions	 in	 the	
decision	 to	 determine	 the	 optimal	 design	 for	 the	 absorber	 unit	 because	 of	 their	 impact	 and	
implications	in	post-combustion	CO2	capture	plants.		The	bi-objective	multi-period	optimization	

















g	(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	=	0,										 ∀j = 1, 2, … J		 ∀p = 1, 2, …P	
h	(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	³	0,		 	 ∀j = 1, 2, … J	 ∀p = 1, 2, …P	
dl	£	d	£	du	
upl	£	up	£	upu			 	 	 	 	 	 	 (	26	)	
	
where	g	is	the	equality	constraints	representing	the	complete	mechanistic	absorption	column’s	
model	 presented	 in	 Equations	 (6)	 to	 (17).	 Moreover,	 h	 represents	 the	 operational	 or	





uncertain	 parameters	 considered	 in	 the	 optimization	 formulation.	 Moreover,	𝑤O	represents	 a	





set	 of	 discrete	 realizations	 or	 scenarios	 considered	 for	 the	 uncertain	 model	 parameters;	
accordingly,	the	cost	function	(𝛩K(T, 𝛩KJU),	the	process	model	equations	and	constraints	(i.e.	g	






absorber	column.	Similarly,	 the	 inlet	 flowrate	 (FlMEA)	 is	assumed	 to	be	a	variable	 that	 can	be	
adjusted	during	operation,	i.e.	during	each	period	p;	accordingly,	this	variable	is	represented	as	
up.		






















® Ó × 100		 	 ∀j = 1, 2, … J	 	 ∀p = 1, 2, …P	 	 (	28	)	













period	 of	 operation	 of	 the	 absorber	 column,	 and	 for	 every	 realization	 in	 the	 uncertain	
parameters,	i.e.		
	









objective	optimization	methods	described	 in	 section	2.4.2.	 provide	 a	direct	 solution	 to	multi-
objective	 formulations;	 these	 methods	 were	 considered	 to	 solve	 the	 present	 multi-objective	
















s.t.	 	 	 	
𝛩KJU𝐝, k,º, 𝐱,º, 𝐱,º̇ , 𝐮º, d,º	£	e	 ∀j = 1, 2, … J		 ∀p = 1, 2, …P	
h(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	³	CO2*	 ∀j = 1, 2, … J	 ∀p = 1, 2, …P	
g(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	=	0										 ∀j = 1, 2, … J	 ∀p = 1, 2, …P	
dl	£	d	£	du	






<(𝐝, k,º, 𝐱,º, 𝐱,º̇ , 𝐮º, d,º)) 	+	𝑓9m (𝐝, k,º, 𝐱,º, 𝐱,º̇ , 𝐮º, d,º)
	 	
s.t.	 	 	
g(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	=	0										 ∀j = 1, 2, … J		 ∀p = 1, 2, …P	
h(d,	kj,p,	𝐱,º̇ ,	xj,p,	up,	dj,p)	³	CO2*	 ∀j = 1, 2, … J	 ∀p = 1, 2, …P	
dl	£	d	£	du	
upl	£	up	£	upu			 	 	 	 	 	 	 	 ( 32 )	
	
where:		
𝑓7_./0< 𝐝, k,º, 𝐱,º, 𝐱,º̇ , 𝐮º, d,º =
ÕÖ_0𝐝,k×,·,𝐱×,·,𝐱Ø,·̇ ,𝐮·,d×,·o¶ÙÕÖ_0
ÚÙÕÖ_0	o¶ÙÕÖ_0
; 					∀j = 1, 2, … J			∀p =
1, 2, …P	
𝑓9_..<𝐝, k,º, 𝐱,º, 𝐱,º̇ , 𝐮º, d,º =
Õ0_««𝐝,k×,·,𝐱×,·,𝐱Ø,·̇ ,𝐮·,d×,·o¶Ù(Õ0_««)
ÚÙÕ0_	o¶Ù(Õ0_««)	
	;							∀j = 1, 2, … J					∀p = 1, 2, …P	
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	 	 	 	 	 	 	 	 	 	 	 ( 33 )	
where	UB	(𝑓7_./0)	and	LB	(𝑓9_;;)	are	the	values	of	𝑓7_./0and	𝑓9_.. 	when	optimized	respectively,	







The	 multi-objective	 optimization	 formulation	 presented	 in	 the	 previous	 section	 was	
implemented	in	the	Pyomo	environment,	an	optimization	library	in	PYTHON.	The	resulting	set	of	
differential	 and	 algebraic	 equations	 describing	 the	 absorber	 column	 model	 presented	 in	
Equations	(6)	to	(16)	in	a	multi-period	scenario	were	fully	discretized	using	the	backward	finite	








capture	 absorber	 under	 a	 single	 period	 scenario.	 The	 model	 parameters	 and	 process	





(31)-(32)	 has	 been	 limited	 to	 one	 scenario	 and	 one	 period	 (i.e.	 J=1,	 P=1).	 For	 the	 1NM	
optimization	method	the	minimum	CO2	capture	(CO2*)	was	set	to	85%.		




Figure 8 Single period trade-off surface 
 





























and	 lower	bounds,	9	uniformly	distributed	points	were	used	 to	build	 the	Pareto	 surface;	 this	
number	of	pareto	points	was	needed	to	generate	a	smooth	Pareto	surface,	as	shown	in	Figure 8.	
A	 total	 of	 5,238	 constraints	 and	 5,239	 variables	 were	 generated	 for	 each	 e-constraint	
optimization	problem	with	an	average	CPU	solution	time	of	9.05	seconds.	On	the	other	hand,	the	
1NM	optimization	produced	an	optimization	problem	with	5,237	constraints	and	5,239	variables	
that	was	solved	 in	2.19	seconds	(CPU	time).	Note	 that	 the	additional	constraint	 in	 the	 former	






costs	 for	 this	process.	The	opposite	was	observed	 for	 the	 lower	bound	solution.	On	 the	other	
hand,	the	1NM	point	presents	a	suitable	trade-off	solution.	That	is,	the	CO2	capture	from	the	1NM	
point	 is	only	2.71%	smaller	than	the	upper	bound	and	8.8%	larger	than	the	 lower	bound	CO2	







Table 10 Scenario A: Multi-objective design specifications 
	 Lower	Bound	 Upper	Bound	 1NM	point	
Height	(m)	 5.50	 6.35	 6.15	
Diameter	(m)	 0.38	 0.456	 0.43	
MEA	flowrate	(mol/sec)	 3.23	 3.23	 3.23	
Capital	Cost	($/year)	 885	 1,204	 1,097	
Operating	Cost	($/year)	 5,481	 5,481	 5,480	
𝛩K(T	[Annual	Cost	($/year)]	 6,366	 6,685	 6,577	






gas	 flowrate	 described	 in	 Figure	 7	 were	 considered	 using	 the	 multi-objective	 multi-period	





















Figure 9 Trade-off surface for multi-period scenario at nominal conditions (J=1, P=12) 
	
Table	 10	 shows	 the	 design	 specifications	 obtained	 from	 the	 multi-period	 1NM	 bi-objective	
optimization.	In	order	to	compensate	for	the	changes	in	the	flue	gas	flowrate	during	the	multi-
period	scenario,	a	reduction	of	1.5%	in	the	CO2	capture	is	obtained	as	the	upper	bound	of	the	


























Table 11 Scenario B: Multi-period Multi-objective design specifications	
	 Lower	Bound	 Upper	Bound	 1NM	point	
Height	(m)	 5.77	 6.34	 6.09	
Diameter	(m)	 0.38	 0.45	 0.428	
Capital	Cost	($/year)	 																										933		 													1,182		 	1,095		
Operating	Cost	($/year)	 																						5,481		 													5,481		 	5,479		
𝛩K(T	[Annual	Cost	($/year)]	 6,414	 6,663	 6,575	

































































Figure 11 CO2 capture profile for multi-period optimization 
 



























































































































constraints	 that	 were	 solved	 in	 an	 average	 CPU	 time	 of	 4,688	 seconds.	 Similarly,	 the	 1NM	
optimization	problem	involved	604,595	variables	and	604,788	constraints	that	were	solved	in	a	
CPU	time	of	2,130	seconds.	As	a	result	of	the	additional	constraints	considered	in	the	e-constraint	
problems	 due	 to	 the	 multiple	 uncertainty	 realizations	 considered	 in	 this	 scenario,	 higher	









































than	 that	obtained	 for	scenario	B	giving	a	value	of	91.16%	CO2	capture,	 this	reduction	 in	CO2	
capture	is	mostly	due	to	the	consideration	of	uncertainty	in	the	present	scenario.	
 
Table 12 Multi-objective multi-period optimization under uncertainty design specifications 
	 Lower	Bound	 Upper	Bound	 1NM	point	
Height	(m)	 5.84	 6.41	 6.0997	
Diameter	(m)	 0.39	 0.46	 0.44	
Capital	Cost	($/year) 																					957		 																	1,233		 																	1,117		
Operating	Cost	($/year) 																	5,481		 																	5,481		 																	5,479		
𝛩K(T	[Annual	Cost	($/year)]	 6,438	 6,714	 6,596	

























































In	 this	 chapter	 the	optimal	design	and	operations	management	conditions	of	 the	CO2	capture	
absorber	 column	were	 studied	 under	 a	multi-period	 scenario	where	 seasonal	 changes	 in	 the	
flowrate	 of	 the	 flue	 gas	 entering	 the	 CO2	 capture	 absorber	 column	 were	 considered.	 The	
optimization	was	 also	 evaluated	 under	 uncertainty	 in	 the	 composition	 of	 the	 flue	 gas,	 in	 the	
equilibrium	 pressure	 parameter	 and	 in	 the	 heat	 of	 reaction.	 A	 bi-objective	 approach	 was	
considered	where	the	aim	was	to	maximize	the	CO2	capture	and	to	minimize	the	column	annual	
costs.	 An	 optimal	 solution	 under	 this	 bi-objective	 problem	 was	 evaluated	 under	 different	




























































behaviour	 of	 the	 process	 will	 provide	 new	 insight	 into	 the	 optimal	 operation	 of	 this	
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process	 under	 uncertainty	 though	 high	 computational	 demands	 may	 be	 expected.	
Accordingly,	 new	 solution	 strategies	 may	 need	 to	 be	 implemented	 to	 alleviate	 the	
computational	 costs	 associated	 with	 the	 solution	 of	 those	 dynamic	 optimization	
problems.	
• A	single	unit	of	the	process	was	optimized	in	this	study,	i.e.	the	absorber	column.	This	unit	
plays	a	crucial	 role	 in	 the	process.	However,	 considering	other	units	 in	 the	process	 in	
order	 to	 establish	 optimal	 design	 and	 operating	 conditions	 for	 the	 complete	 process	
flowsheet	 is	essential	 for	process	 improvement.	Furthermore,	considering	 the	optimal	
solution	of	the	complete	CO2	capture	process	under	uncertainty	while	using	a	mechanistic	
process	 model	 will	 need	 a	 specific	 strategy	 given	 the	 significantly	 large	 number	 of	
equations	 that	 would	 need	 to	 be	 solved	 simultaneously.	 Studies	 accounting	 for	
uncertainty	 in	 the	 complete	 process	 will	 also	 provide	 new	 insight	 into	 the	 optimal	
operation	of	this	process.		
• The	multi-scenario	method	considered	for	robust	optimization	in	this	study	will	 likely	
guarantee	 that	 the	 optimal	 design	may	 always	 be	 feasible	 for	 the	 possible	 uncertain	
scenarios	selected.	While	this	is	acceptable,	the	addition	of	more	uncertain	parameters	in	
the	analysis	may	 lead	 to	 the	specification	of	overly	conservative	solutions.	Alternative	
optimization	 strategies	 considering	 probabilistic	 distributions	 in	 the	 uncertain	
parameters	such	as	stochastic	programming	or	chance	constraint	optimization	may	be	
explored	to	produce	attractive	solutions	that	can	comply	with	the	process	constraints	at	
specific	(user-defined)	probability	limits.		
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